The availability of Very High Resolution (VHR) optical sensors and a growing image 14 archive that is frequently updated, allows the use of change detection in post-disaster recovery and 15 monitoring for robust and rapid results. The proposed semi-automated GIS object-based method uses 16 readily available pre-disaster GIS data and adds existing knowledge into the processing to enhance 17 change detection. It also allows targeting specific types of changes pertaining to similar man-made 18 objects such as buildings and critical facilities. The change detection method is based on pre/post 19 normalized index, gradient of intensity, texture and edge similarity filters within the object and a set 20 of training data. More emphasis is put on the building edges to capture the structural damage in 21 quantifying change after disaster. Once the change is quantified, based on training data, the method 22 can be used automatically to detect change in order to observe recovery over time in potentially large 23 areas. Analysis over time can also contribute to obtaining a full picture of the recovery and 24 2 development after disaster, thereby giving managers a better understanding of productive 25 management and recovery practices. The recovery and monitoring can be analyzed using the index in 26 zones extending from to epicentre of disaster or administrative boundaries over time. 27 28
Introduction

32
A quicker search and rescue response following a disaster leads to a higher survival rate. That is 33 particularly true in developing countries, because of fragile housing construction materials and 34 technologies. Most damage assessments focus on the destruction of man-made objects, particularly 35 buildings, to assess the survival rate. Rapid and robust damage assessment on a per-building level is 36 essential for estimating the threat to human life (Bird and Bommer, 2004; Edrissi et al., 2013) and 37 initiating effective emergency response and recovery actions, especially in highly populated urban 38 areas (Vu and Ban 2010) . Critical infrastructure such as hospitals and police and fire stations plays a 39 vital role in rescue efforts, thereby increasing the survival rate. 40
Rescue efforts are even less effective when high priority areas pertaining to disproportionately many 41 casualties are not clearly identified. An accurate assessment (include remote sensing) of damaged 42 and intact roofs at building level can provide valuable information for preliminary planning of high-43 priority areas (focus area mapping) that is essential for rapid recovery measures (Vetrivel et al., 2016) . 44
As for other critical infrastructure, it is important to have a preliminary indication of which facilities 45 are operational. Provided that the analyst knows where such critical facilities are, temporal analysis 46 and change detection can be valuable tools to see the condition of the facilities soon after disaster. 
134
Data Acquisition and Data Preparation
135
The process of initial data preparation for the proposed change detection method is shown in Figure 2 . 136
The following paragraphs explain the data preparation in detail. 137
Open Street Map data:
The data pertaining to the road layer was downloaded directly from the Open 138
Street Map (OSM) archive (GEOFABRIK (Download.geofabrik.de)). In the case of Muzzaffarabad, 139 the street layers for the primary and secondary roads were manually digitised from the QuickBird 140 VHR images using QGIS since the OSM data were incomplete. 141
Satellite Images: For the case study of Muzzaffarabad, three satellite images were acquired from 142
to 2006 (Table1). 143
Geo-rectifying the pre-disaster image: All the satellite data were co-registered to the road layers 144 obtained from OSM to ensure the best alignment (accuracy<1.47m). The pre-disaster IR R,G bands 145 were first PAN-sharpened (using QGISOTB (OrfeoToolBox) Processing toolbox)and then co-146 registered to the road layer. 147
Geo-rectifying the post-disaster image: The PAN-sharpened post-disaster image was geo-rectified 148 using buildings, roads, and junctions identified in both the pre and post images and used as ground 149 control points. 
168
The buildings were digitized off the screen using QGIS from the pre disaster images. Only the area 169 with damaged buildings and some of the surrounding buildings were digitized for this study. This is 170 the only time consuming step in the analysis, having a pre disaster building GIS data for areas that are 171 disaster prone would enable the analysis to proceed faster in case of a disaster. relative to the other buildings can allow emergency responses to determine critical areas and mange 308 response teams and resources. Here it is necessary to mention that the change is based on nadir view, 309 and so is only indicative of change in roof and walls visible to a nadir view. This is not really a limit 310 of the methodology because it is common to all passive remotely sensed data available soon after a 311 disaster in data poor countries. As seen in Error! Reference source not found., by obtaining the ECDI for the two post-disaster 331 images and then comparing them to the pre-disaster image, we were able to identify buildings that 332 were rebuilt after disaster. With more post-disaster images, a progressive recovery can be observed. 333 334
Discussion and conclusions 335
The proposed method uses GIS objects and integrates existing knowledge into processing to optimize 336 change detection. This change detection method uses the calculation of the texture, edges, and 337 gradient of each object to better estimate the change between the pre-and post-disaster data.
To 338 determine what proportions of each of the above properties contribute to real change, a visual index is 339 used to train the data. Like any user-derived parameter, the visual index can be very specific to the 340 user. However, provided that the visual index is completed by a single user, it should contain relative 341 differences representative of the changes within the image (de Alwis Pitts and So 2017). It is easy to 342 visually see objects that underwent a large change and those that experienced no change, so more 343 objects at extremes were used for the visual index. It is best to use more objects at the ends of the 344
